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Abstract

This yearwe conductedexperimentson shotboundarydetectionandrushesvideo summarisation.For the
shotboundarydeterminationtask,we focusedon detectionof `cut'. Theapproachcalculatedthe`exclusive or'
of two framesin thegrey scalein orderto measuretheamountof discontinuityatapixel level betweentwo shots.
Five runsweresubmittedwith differentsetsof parameters,resultingin theperformanceof ashigh as87%recall
and85% precision.For the rushesvideo task,the summarydurationwas�x ed at 4% of the video length. We
joinedanumberof continuousframesthatwereextractedfrom themiddleof eachshotdetected.Wesubmitteda
singlerun,resultingin theaveragelevel performance.

1 Shot Boundary Detection

Shotboundarydetectionis a processof identifying boundariesbetweenshotsfrom a sequenceof video frames.
The key ideais to choosea right setof featuresandmeasuresthat capturethe dissimilarity betweenshots.The
differencebetweenadjacentframepair is calculatedfrom features.A shotboundaryis assignedwhenthevalueis
greaterthana prede�nedthresholds.

To datetherehave beena large numberof shotboundarydetectionalgorithmsproposed(Pyeet al., 1998;
Lienhart,2001;Pickering& Ruger,2001;Deng& Manjunath,2001;Mieneet al., 2003;Qi et al., 2003;Quenot
et al., 2003;Ren& Singh,2004;Ngo et al., 2005). Featuressuchasmotion,colour, andedgeshave beentested
usinganumberof differentcriteriafor comparison.In general,thedif�culty of thetaskdependsonthecomplexity
of shottransition,videostructureandquality. We presenttheapproachto detecting̀ cut', themostfrequentshot
transitions.It is relatively simpleto identify `cut' becausea cleardiscontinuitycanbeobservedat a pixel level.
Thusourapproachassignsshotboundariesbasedonpixel changesbetweentwo adjacentshots.

1.1 Approach

Our approachaimsto measuretheamountof discontinuityat a pixel level betweentwo consecutive frames.It is
capturedby calculatingthe`exclusiveor' of two framesin thegrey scale:

B W X i =
X

j =1 :::J

Pi � 1(j ) � Pi (j ) (1)

where� impliesthe`exclusiveor' operation,J is thetotalnumberof pixelsperframe,andPi � 1(j ) andPi (j ) are
theblack/whitevalueof pixel j in framesi � 1 andi respectively. If thevaluefor B W X i is greaterthana pre-
de�ned threshold,̀ cut' is assignedbetweenframesi � 1 andi . A sampleof this operationis illustratedin Figure
1. For thetestvideo`BG 34901', Figure2 demonstratesthecalculationof B W X i and(B W X i +1 � B W X i ) for
theentirelengthof video. In theexperiment,eachspike is treatedasashotboundarycandidate.

1.2 Experiment

TheNetherlandsInstitutefor SoundandVision provideda soundandvision collectionincludingnews magazine,
sciencenews, reports,documentaries,andeducationalprogramming(TRECVID, 2007). Thetestcollectioncon-
sistedof 15 mpeg-1 videoswith the total lengthof six hours. The visualDub1 softwarewasappliedto extract
individualRGB framesof 352� 288pixelsfrom thecollectionat a rateof 25 frames/second.

1availableathttp://www.virtualdub.org/



(a)original framesequence

(b) `exclusive or' of theblack/whitevaluesbetweentwo adjacentframes

Figure1: Detectionof `cut' usingthe`exclusiveor'.
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Figure2: Testdata`BG 34901': calculationof B W X i .

Wesubmitted� veruns.The�rst threerunswerebasedonthecalculationof B W X i =J, and`cut' wasassigned
for transitions:

UShefID1: B W X i =J with thethresholdvalueof 0.2;

UShefID2: B W X i =J with thethresholdvalueof 0.3;

UShefID3: B W X i =J with thethresholdvalueof 0.5.

For two moreruns,a window of 100frameswasappliedandmovedforwardby overlappingevery50 frames.For
eachof individualwindows,(B W X i +1 � B W X i ) werecalculated,and`cut' wasassignedwhen

UShefID4: (B W X i +1 � B W X i ) > � + 2� where� and� arethemeanandthestandarddeviation;

UShefID5: themaximumvalueof (B W X i +1 � B W X i ).

1.3 Resultsand Discussion

Our submissionswereevaluatedby NIST. Table1 shows `cut' detectionresultshowing theprecisionandrecall.
Amongour � ve runs,thesecondrun, usingB W X i =J with the thresholdvalueof 0.3 (i.e., a shotboundarywas



recall precision
UShefID1 0.949 0.660
UShefID2 0.872 0.850
UShefID3 0.297 0.910
UShefID4 0.965 0.443
UShefID5 0.796 0.894

Table1: `Cut' detectionresultsfor our � ve runs,evaluatedby NIST. Recallandprecisionvaluesaretheaverage
for 15 testvideos.

Figure3: Precisionandrecallfor `cut' transition.Our � ve runswerelabelledwith `o'.

assignedwhentherewereat least30%of pixelsdifferentbetweentwo consecutiveframes),performedbestat87%
recalland85%precision.

Figure3, providedby NIST, shows our runsrequirefurther improvementin comparisonto otherapproaches.
Noneof our runs involved expensive calculationhowever, becausewe applied`exclusive or' on the grey scale
values,themethodfailed to identify a `cut' whenthe backgroundin bothshotscontainblackor white pixels in
the large area. It may be interestingto experimentwith differentcolour spacesto addressthis problem. Useof
keyframesmaybeanotherideafor improvementif they areavailable.

2 RushesSummarisation

Rushes(or preproductionvideo) is a raw materialandis furtherprocessedto producevideodatasuchasmovies
andtelevision programmes.The materialcontainsnaturalsoundandhighly repetitive framesequences.Many
retakesof thesamesceneduplicatethesizeof rushesto many timesof the �nal video. Duplicatedsequencesare
oftencausedby videoproductionerrors— e.g., actorsperformingtheincorrectline of astoryandlow qualityaudio
visualcontents(Smeatonet al., 2006). Thenatureof rushesindicatesthatwe requiresophisticatedtechnologies
for managingandaccessingthecontents.

NIST launchedtherushessummarisationtaskfor this year'sTRECvideoevaluation(NIST, 2007). It aimsto



automatethecreationof a summaryclip from rushesvideo. It is requiredthata summaryincludesmajorobjects
andeventsspeci�edby NIST. Theobjectivesof evaluationare(1) to minimisethenumberof framesin asummary
videoand(2) to presentinformationin awaythatmaximisestheusabilityof thesummary(TRECVID, 2007).We
submitteda singlerun for a testdataset,whichwasevaluatedby NIST usingsevenmeasurements.

2.1 Approach

Our assumptionis thata shotis thebasicstructureof videoandthateachshotcontainsimportantcontentsin the
middle. A shortframesequence(or clip), not longerthan4% of theoriginal shot,is extractedfrom themiddleof
eachshot. Clips from multiple shotsarethenconcatenatedto form a summary. As a consequence,thesummary
lengthis 4% of theoriginal rushes.

To determinethepositionof shotboundaries,acolourhistogrambasedtechniqueis employed.For eachframe,
the RGB colour histogramwith 256 colour bins is extracted. The differenceis calculatedfor eachpair of two
consecutiveframes(Nagasaka& Tanaka,1991):

DH i =
X

k=1 :::K

jH i � 1(k) � H i (k)j (2)

whereK is thenumberof bins,andH i � 1(k) andH i (k) arecountsfor k th bin in framesi � 1 andi respectively.
A shotboundaryis assignedif DH i is greaterthana prede�nedthreshold.

2.2 Experiment

Thetestcollectionconsistedof 42 mpeg-1 rushesvideo,themajority of which weredramaseriesanddocumen-
taries.The352� 288-pixel videoframesweredecodedin therateof 25 frames/second.Wecompletedasinglerun
of theexperimentusingtheshotreferencebasedapproachdescribedabove. To detectshotboundaries,a window
of 100frameswassetin orderto calculatetheaveragevalueof all colourhistogramdifferencevaluesin therange.
If the valuewasgreaterthan50% of the average,a shotboundarywasassigned.The window wasthenmoved
forwardwith 50 framesoverlap.

The evaluationwas subjective, and performedby NIST with seven assessors.Eachsummarywas judged
by threeassessors.Two baselineswereprovidedby Carnegie Mellon University (CMU). Of which the uniform
baselinewascreatedby selectingonesecondof aframesequencefor every25secondsin theoriginalrushesvideo.
Thesecondbaselinesummary, thecolourcluster, wascreatedfrom K-meansclustersof �x ednumbersbasedon
HSV colourhistogram,wherethesegment,closetto thecentroid,wasselected.

2.3 Resultsand Discussion

Thetestdatasetconsistedof 42 rushesvideos.Figure4 comparestwo baselines,our singlerun, theaverage,the
maximum,andtheminimumof all runssubmittedby variousinstitutions.They weremeasuredby sevencriteria.
Although the approachwassimple,our run performedfair in comparisonto othersubmissions.Our approach
wassimilar to the CMU colour clusterbaseline. It seemsto imply that colour wassimplebut goodfeatureto
differentiatevideocontents.Useof differentcolour spaces(RGB for ours,HSV for CMU) did not in�uence on
overallperformance.

On average,54%of thegroundtruthwereincludedin our run. Performancefor individual summariesvaried
from 91% to below 30% (threesummaries).Although inclusionof the groundtruthis an importantfactor for a
summarisationtask,othermeasuresshouldalsobetakeninto considerationto re�ect theperformance.Theamount
of duplicatedcontents,in particular, maybea crucial indicatorfor automaticsummarisationof rushesvideo. Our
run did not �lter out duplicatedcontents,thusresultedin a weakscoreof 3.53. Becausetheapproachextracteda
shortframesequencein themiddleof eachshot,thesummarycontentsweremoderatelyunderstandable.

3 Conclusions

Weparticipatedin TRECVID 2007with theshotboundarydetectionandtherushesvideosummarisationtasks.In
shotboundarydetection,we presenteda pixel-basedapproachusingthe`exclusive or' of two framesin thegrey
scale.Our bestresultwas87% in recall and85% in precision,which requiresfurther improvement.For rushes
videosummarisation,a framesequencewasextractedfrom themiddleof every detectedshot. Thesummaryclip
was the concatenationof all framesequencesextractedfrom rushesvideo. It was found that rushescontained
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(a) DU: durationof the summary(sec-
onds)
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(b) XD: difference betweenthe tar-
getandactualsummarydurations(sec-
onds)
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(c) TT: total time spentjudgingthe in-
clusions(seconds)
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(d) VT: total video play time (versus
pause)judgingtheinclusions(seconds)
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(e) IN: fraction of the groundtruth ob-
ject/eventsfoundin thesummary(0 – 1)
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(f) EA: level of easyto understand(1
stronglydisagree– 5 stronglyagree)
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(g) RE: level of duplication (1 strongly
agree– 5 stronglydisagree)

Figure4: Evaluationresult for the rushessummarisationtask. Summarieswereevaluatedby NIST usingseven
criteria. Our singlerun (shef) is comparedwith theuniform baseline(base1), thecolourclusterbaseline(base2),
theaverage(avg), themaximum(max), andtheminimum(min) of all runsby variousinstitutions.



many repetitive contentswhich stronglyaffectedthequality of thesummary. We expecttheperformancecanbe
improvedby �ltering redundantshots,suchascolour-bar, black/grey framesandrepetitiveshots.
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